A four-dimensional local ensemble transform Kalman filter (4D-LETKF) is applied to the JMA global model (GSM) at a TL159/L40 resolution to assimilate real observations including satellite radiances. It turns out that the vertical error covariance localization plays an essential role in assimilating satellite radiances. This study proposes and tests a new approach of the vertical localization, where the normalized sensitivity function of satellite sensors is used as the localization weights. With the vertical localization, AMSU-A, AMSU-B, SSM/I, TMI, and AMSR-E satellite channels are assimilated appropriately and indicate clear positive impacts. Thus, the proposed localization technique is a promising way of assimilating satellite radiances within the LETKF system.
Introduction
In the numerical weather prediction (NWP), initial conditions, as well as forecast models, play an essential role. Estimating initial conditions with more accuracy is an important component in NWP. In order to improve the initial conditions, we apply sophisticated data assimilation schemes and use more observations effectively. Recently, ensemble Kalman filtering (EnKF) has become a viable choice of an advanced data assimilation and ensemble prediction method. As for observations, satellite observations are increasing continuously, and their use becomes essential. A major improvement by introducing the three-dimensional variational (3D-Var) method in the operational NWP was due to its capability of a nonlinear observational operator, which enabled the direct assimilation of satellite radiances (e.g., Andersson et al. 1998) .
EnKF is a relatively new method combining data assimilation and ensemble prediction systems. As a data assimilation method, EnKF is similar to the fourdimensional variational (4D-Var) method in terms that they produce flow-dependent analysis increments. In fact, 4D-Var and EnKF are theoretically equivalent (e.g., Bouttier and Courtier 1999) , under the following three conditions: 1) the forecast model is linear, 2) 4D-Var employs an infinite time-window, and 3) EnKF employs an infinite ensemble size. We do not focus on the linear assumption since synoptic dynamics are approximately linear within the 6-hour assimilation window. However, the latter two conditions introduce important limitations for each method.
The limitation of the ensemble size is problematic in EnKF. EnKF estimates the error covariance by a limited number of ensemble members, say m; the sampling errors of the estimate is inversely-proportional to m . A common technique to treat the sampling error problem is the localization of the error covariance, where we intrinsically assume zero covariance between distant points. The error covariance localization plays an essential role in EnKF applied to realistic GCMs, although some EnKF experiments with simple low-dimensional models such as the Lorenz model do not employ the covariance localization due to the large ensemble size compared to the degrees of freedom of the covariance to be estimated. All EnKF experiments with realistic GCMs published thus far applied the localization (e.g., Houterkamer and Mitchell 1998, 2001; Anderson 2001; Whitaker and Hamill 2002; Szunyogh et al. 2005; Miyoshi and Yamane 2007) .
Assimilating satellite radiances within EnKF is a relatively new field of study. Hunt (2005) , for example, describes theoretical background of treating a nonlinear observational operator within EnKF. Houtekamer et al. (2005) pioneered the assimilation of satellite radiances in their EnKF with perturbed observations. Their system has been upgraded to be the operational ensemble prediction system (EPS) at the Canadian Meteorological Centre (CMC). They applied a vertical error covariance localization method for satellite radiances in the same manner as the one for conventional data. Satellite radiances are sensitive to vertical atmospheric columns where the sensitivity function d /d ln p ( : transmittance, p: atmospheric pressure) is greatly dependent on satellite sensors/channels and atmospheric states. AMSU-A channels, for example, have sensitivity functions with a single peak, where the vertical error covariance localization as in conventional data would work appropriately. In fact, Houtekamer et al. (2005) assimilated only AMSU-A channels. However, some microwave imager (SSM/I, TMI and AMSR-E) channels have broad sensitivities with double peaks in the lower tropospheric atmospheric column. In this case, the simple method would not be appropriate, as pointed out by Houtekamer et al. (2005) . No general method of vertical error covariance localization for satellite radiances has been proposed thus far.
This study proposes an approach of localizing the error covariance vertically when assimilating satellite radiances with a local ensemble transform Kalman filter (LETKF, Hunt 2005 ) with four-dimensional extension (4D-LETKF, Hunt et al. 2004) . Although this study treats only microwave sounders and imagers, the proposed technique is generally applicable to other satellite sensors. The localization method is described in section 2. Following the description of experimental design in section 3, results are presented in section 4. Finally, summary and discussions are provided in section 5.
Vertical error covariance localization
The sensitivity function of an observation at a specified horizontal coordinate indicates the response of the observation to the column atmospheric state at each vertical level. Thus, the sensitivity function of conventional data at a specific level is given by the delta function. For satellite sensors, sensitivity functions are continuous vertically. They are computed using radiative transfer model (RTM) with a given atmospheric profile. RTM computes transmittance for each satellite channel, whose vertical differential gives the sensitivity function. Thus, the sensitivity function is dependent on the satellite channels and atmospheric profiles. As an example of the sensitivity function, Figs. 1 and 2 show normalized sensitivity functions of the AMSU-A and SSM/I channels for a randomly chosen atmospheric profile, computed using an RTM known as the RTTOV-8 (Saunders 2004; Saunders et al. 2005) . AMSU-A sensitivity functions have a single peak, while SSM/I channels indicate double-peak shapes. SSM/I sensitivity functions are localized in the middle and lower troposphere, since SSM/I is sensitive to water vapor and the water quantity decreases rapidly with height.
Since the sensitivity function for a given satellite channel is dependent on a background profile, an a priori vertical localization function may not properly handle all situations. Alternatively, it is preferred to have a flow-dependent localization function that suits a given atmospheric profile adaptively. Here, we propose to use the shape of the sensitivity function as the covariance localization function. In this way, the error covariance at the level with large sensitivity is not damped, that is, the levels with larger sensitivity values are affected by observations effectively. If we correct an atmospheric state by observations more at the levels with large sensitivity, the analysis state becomes closer to observations effectively. Sampling errors in the error covariance have a bad effect at the levels with small sensitivity to the observations.
Figures 1 and 2 also show Gaussian functions whose peaks correspond to those of each satellite channel. The length scale of the Gaussian function is chosen to be 3.0 model levels; i.e., it indicates the 3.0-grid Gaussian localization functions for conventional observations located at the peak levels. Since the vertical model resolution is higher in lower levels, the 3.0-grid Gaussian appears to be different at each level in the log-pressure coordinates. Although the sensitivity functions of AMSU-A channels are rather similar to the Gaussian functions, those of SSM/I channels are fairly different from Gaussian. Thus, the proposed localization method would be favorable in this sense.
Although the proposed localization method appears to be reasonable, it is not an extension of the standard Gaussian localization. Since the sensitivity function of conventional observations is the delta function, the localization weights are given by the delta function, which is apparently not appropriate. Applying a Gaussian filter to the sensitivity function would provide better localization weights; the method would be applicable to more general cases including the conventional observations. However, applying a Gaussian filter to all observations requires additional computations, thus we apply the approximate method without a Gaussian filter in this research.
Practically, the RTM returns transmittance for each channel and profile for each ensemble member. This does not require additional computations since we always need to compute transmittance when the satellite channel is assimilated. The vertical differential of the transmittance constitutes the sensitivity function. We compute the ensemble mean of the sensitivity function and normalize it so that the largest value is unity, as shown in Figs. 1 and 2 . Then, the normalized sensitivity values at each level provide weights for the error covariance localization. The error covariance localization within LETKF is realized by the "observation localization" (Hunt 2005; Miyoshi and Yamane 2007) , where the inverse of the localization weight is multiplied to the observational error so that distant observations have less weights.
Experimental design
The MPI/OpenMP-parallelized FORTRAN90 codes of 4D-LETKF developed by Miyoshi and Yamane (2007) are adopted in this study. The codes are modified to adjust the interface for grid and observation data input/output. In addition, the RTTOV-8 is embedded to assimilate satellite radiances. JMA's operational experimental system known as the NAPEX (Numerical Analysis and Prediction EXperiment system) originally developed by Kazutoshi Onogi and maintained at the Numerical Prediction Division is modified to enable EnKF experiments. With the NAPEX system, the decoded observation data are directly input into the operational quality control system to select data to be assimilated every 6 hours with hourly assimilation time slots. The observation dataset includes satellite radiances, surface reports, radiosondes, wind profilers, aircraft reports, AMVs (atmospheric motion vectors), QuikSCAT sea winds, dropsondes, and sea-level pressure bogus data by the Australian Bureau of Meteorology. If typhoons exist, bogus observation data are generated and assimilated around the typhoons, which is employed in the JMA operational systems except the global cycle analysis system. Satellite radiances data include AMSU-A channels of NOAA 15/16 and AQUA satellites, AMSU-B channels of NOAA 15/16/17 satellites, SSM/I channels of DMSP 13/14/15 satellites, TMI channels of TRMM satellite, and AMSR-E channels of AQUA satellite. Table 1 indicates the channels used in the JMA operational analysis system as of July 2006, which is employed in this study. The first guess field for the quality control is given by the 6-hour forecast ensemble mean. The quality controlled observations are directly input into the modified 4D-LETKF system. The model used in this study is JMA's operational EPS model at a TL159/L40 resolution, corresponding to a grid of 320x160x40. The model parameters are chosen to be the same as the operational EPS. No initialization procedure is applied, which is different from the JMA operational systems.
According to Miyoshi and Yamane (2007) , 20-member ensemble is expected to be large enough for LETKF to be stable with a T159/L48 AGCM, corre- sponding to a grid of 480x240x48. Thus, the ensemble size is fixed to 20 in this study. The localization parameters are chosen to be 21x21x13 local patch (about 1000-km radius) with 5.0-grid (about 500-km) horizontal and 3.0-grid vertical Gaussian localizations. 10% multiplicative spread inflation (i.e., 21% covariance inflation) is employed.
Three kinds of experiments are performed in this study: one without satellite radiances (NO_RAD), another with satellite radiances but without vertical error covariance localization (NO_LOCAL), the other with satellite radiances and vertical localization (CTRL). In this way, the effects of satellite radiances and vertical localization are investigated. The experimental period is July 20 to September 9, 2004 for data assimilation cycles, except that the NO_LOCAL experiment is aborted on July 27. Thus, 9-day forecast experiments can be verified during a 1-month period in the entire August.
Results
To ensure the stability of the data assimilation cycles, Fig. 3 shows time series of the difference between the LETKF and JMA operational analyses. The operational data assimilation system as of August 2004 is the 3D-Var system at a T213 resolution with AMSU-A and AMSU-B satellite channels (no microwave imager). Figure 3 indicates that LETKF of the CTRL and NO_RAD experiments is stable over the entire experimental period. The NO_LOCAL experiment shows a significantly larger RMS difference which appears to be growing after about 5 days. In addition, the NO_LOCAL experiment shows significantly smaller ensemble spreads. Since the case with no localization extracts more information from satellite radiances due to the spurious error covariance, the spreads become artificially small while the errors are large. The situation is not preferable, thus the vertical error covariance localization plays an essential role in assimilating satellite radiances with an EnKF. Figure 4 shows spaghetti diagrams of height fields at the 10 hPa level, providing another proof of extracting too much information from satellite radiances in the NO_LOCAL experiment. At this level in the stratosphere, a small number of conventional observations are available, and satellite radiances play an important role. In fact, the NO_RAD case shows a large ensemble spread, whereas the CTRL or NO_LOCAL experiments show significantly smaller spreads. Still, the NO_LOCAL experiment shows a significantly smaller spread than the CTRL experiment, especially in the Tropics and near the Poles. There are many microwave imager channels in the Tropics, which has a strong sensitivity to water vapor around middle and lower troposphere. Spurious covariance could introduce strong effects by such satellite radiances on stratospheric variables. Note that the CTRL experiment shows significantly smaller spreads than the NO_RAD case; the effects by satellite radiances are obvious in the CTRL case. Figure 5 shows analysis errors verified against radiosonde observations for the CTRL and NO_RAD experiments. With satellite radiances, the analysis errors of height fields are greatly reduced, especially around upper troposphere. The improvements are more evident in the SH and Tropics, although slight improvements are observed in the NH. The large negative height bias is greatly reduced by satellite radiances. A major reason for the height bias is a negative bias in temperature analysis, which leads to smaller atmospheric thickness. AMSU-A channels are sensitive to temperature profiles, thus the temperature profiles would be corrected by the AMSU-A observations.
To further investigate the effects by assimilating satellite radiances, 9-day forecast experiments are performed. Figure 6 shows anomaly correlations of 500 hPa height forecasts, which is a common measure to verify NWP systems. Assimilating satellite radiances indicates clear positive impacts in this measure, too.
Summary and discussions
4D-LETKF has been applied to JMA's operational experimental system (NAPEX) to assimilate real observations including satellite radiances. A technique of the vertical error covariance localization to assimilate satellite radiances has been proposed and tested. The results indicated that the vertical localization plays an essential role and works appropriately; the LETKF diverged without the vertical localization. Assimilating satellite radiances showed positive impacts in most verification measures. Thus, the method of satellite radiance assimilation is a promising future choice, although the localization with a Gaussian filter provides a more general method. Thorough investigations and comparisons of localization methods with various approximations would be an issue for future research.
A main limitation of this study is the small ensemble size. 100 is a typical order of the ensemble size in most EnKF researches assimilating real observations. In fact, Houtekamer et al. (2005) their EnKF method to the operational EPS in the Canadian Meteorological Centre (CMC). Whitaker et al. (2006) used 100 members and showed that their EnKF system outperformed NCEP (National Centers for Environmental Prediction) operational GDAS (global data assimilation system) without satellite radiances. Miyoshi and Yamane (2007) reported increasing ensemble size has always positive impacts. Therefore, to make a fair comparison with the operational 4D-Var system at JMA, we need to increase the ensemble size. . 9-day forecast anomaly correlations (%) of 500 hPa height for the cases of the NO_RAD (blue) and CTRL (red) experiments.
